Wavelet analysis of surface electromyogram (sEMG) signals has been investigated. Methods to remove noise before processing and further analysis are rather significant for these signals. The sEMG signals were estimated with the following steps, first, the obtained signal was decomposed using wavelet transform; then, decomposed coefficients were analyzed by threshold methods, and, finally, reconstruction was performed. Comparison of the Daubechies wavelet family for effective removing noise from the recorded sEMGs was executed preciously. As was found, wavelet transform db4 performs denoising best among the aforesaid wavelet family. Results inferred that Daubechies wavelet families (db4) were more suitable for the analysis of sEMG signals related to different upper limb motions, and a classification accuracy of 88.90% was achieved. Then, a statistical technique (one-way repeated factorial analysis) for the experimental coefficient was done to investigate the class separability among different motions.
INTRODUCTION
In order to use surface electromyogram (sEMG) signals as a diagnostic tool or control signals, their features are often extracted before proceeding to the classification stage. Attempts are being made to improve signal processing and to obtain more information about the examined muscles; various techniques have been applied in classification and processing of sEMGs [1] [2] [3] . In order to predict properties of sEMGs corresponding to voluntary muscle contractions, various models have been developed [4] .
Wavelet transform was been rather extensively used in the analysis of EEG, but it began to be studied with respect to EMG only since last decade [5, 6] , particularly in the engineering application such as the control of prosthetic devices. Our study was motivated by the fact that identification of a mother wavelet function is of the paramount significance since there is no universal mother wavelet applicable to all types of the signals [7] . We applied wavelet denoising technique to remove interference noise from the signals recorded from the biceps brachii and triceps brachii muscles of the subjects performing voluntary contractions. The general wavelet-based denoising procedures were composed of three steps, decomposition, determination of denoising wavelet's detail coefficients, and reconstruction [8] .
Different levels of mother wavelets (db2-db14) of the Daubechies family were extracted to obtain the useful resolution components from the sEMG signals. After removing the noise, time frequency domain analysis was introduced for analyzing the relation between voluntary contractions and sEMG signals. The most effective wavelet for sEMG denoising has been chosen by calculating the root mean square (RMS) and standard deviation (s.d.) values. The results showed that the wavelet function db4 works best among the used wavelets to remove noise from the sEMG signals. Our study presents the effects of mean frequency (MnF) and median frequency (MdF) in the EMG analysis, especially during voluntary contraction for analyzing the EMG-muscle force relationship.
Further on, in order to analyze the effectiveness of sEMG signals for the muscles realizing independent motions, a statistical technique of analysis of the variance has been implemented, since it helps to identify the data pattern and to express these data in a way to highlight better their similarities and differences.
METHODS
sEMG Signal Acquisition and Processing. Three adult volunteers were involved in the tests. Surface EMG signals were collected using a routine technique by noninvasive electrodes from the skin surface of the elbow joint-controlling arm muscles, mm. biceps brachii and triceps brachii. A differential amplifier was used. After amplification, signals were filtered using the corresponding software and hardware blocks. In both cases, a high-pass cutoff frequency was 10 Hz, while a low-pass cutoff frequency of 500 Hz was kept [9] [10] [11] . Myograms were recorded from the above-mentioned muscles at low, medium and high voluntary contractions under isometric conditions. The block diagram for the system is shown in Fig. 1 .
Denoising Using Wavelet Analysis. Wavelet transform is a capable transform with a flexible resolution in both time and frequency domains. The principle of wavelet denoising [12, 13] consists of decomposing the signal by performing wavelet, applying suitable thresholds to the detail coefficients, zeroing all coefficients below their associated thresholds, and, finally, reconstructing the denoised signal based on the modified detail coefficients. The underlying model for the surface EMG signal, f(n), is the superposition of the signal, s(n), and noise, e(n),
Once the signal is passed through wavelet decomposition, a threshold needs to be selected for estimation of the signal of interest, s(n), from f(n) by discarding the corrupting noise e(n).
Feature Extraction. As the sEMG signal is time-and force-dependent, and its amplitude varies randomly above and below zero values, the analysis becomes important in a way to define characteristic properties of the signal. A wide variety of features [14, 15] have been considered individually and in the group, representing both the sEMG amplitude and spectral content. So, feature extraction was done for interpretation of the recorded signal. All extracted features (s.d., variance, mean absolute value, etc.) have certain specific advantages, but the most commonly used technique for characterizing the power of the signal is the root mean square (RMS) value. This parameter gives the physical meaning of the signal, namely the real energy. Another frequency domain parameter, the median frequency (MdF), is described as the frequency that divides the power contained in the signal into two equal halves. The next parameter, mean frequency (MnF), is an average frequency that is calculated as the sum of products of the power spectrum and the frequency divided by the total sum of the power spectrum.
According to a few authors [16, 17] , mathematical analysis has been done to investigate various parameters of the power spectral density, and the above-mentioned frequencies (MnF and MdF) were found to be most reliable. So, these techniques have been used in investigating the muscle force relationship.
RESULTS
Computer-Aided Analysis. In our study, the wavelet denoising-based analysis was performed by dividing the signal into two different types; low and high sEMG signals. The time and frequency domain analyses were done to analyze the relationship between myoelectric signals vs. different force levels developed by the human arm muscles. For this, an analytic study was initiated to investigate whether the relationship between the normalized sEMG signal vs. normalized force does exist, and whether it is dependent on the exercise level and the rate of force production. First, the raw sEMG signals for different muscle voluntary contractions were acquired and processed using classical filters and the wavelet transform approach. The processing of the signal included the following steps:
(i) Filtering the signal with band-pass filters (10 Hz and 500 Hz) updating the waveform graph cursors, to represent current values of the upper and lower cut-off frequencies.
(ii) Dual-channel spectral measurement on the prefiltered and filtered signals, to determine the frequency response of the filter.
(iii) Determination of different features (like RMS, s.d., energy of the signal, integrated EMG, and spectrogram). A front panel of the system is shown in Fig. 2 .
Second, band-pass filtering and discrete wavelet transform (DWT) denoising of the sEMG signal were done. Different Daubechies wavelet functions (db2 to db14) were utilized for the extraction of different decomposition coefficients and for reconstruction of the signal. Comparative data of raw sEMG signals for three subjects with extracted features for different muscular contraction forces are show in Table 1 . To describe the results of these wavelet features, various representatives for denoised RMS are presented in Table 2 .
The raw sEMG signals were used to calculate the RMS value, denoised power, and s.d. values for all wavelet functions suitable for biomedical signal processing with four levels of decomposition. Table  2 gives the results of collations of the average RMS value, while Table 3 gives the average MdF values of all chosen wavelet functions for three subjects at various muscle contraction force levels.
According to the results shown in Table 2 , wavelet functions from the Daubechies family showed satisfactory performances; it should be noted that the wavelet function db4 showed a better performance value than other wavelet functions. This means that wavelet function db4 (from the average column in Table 2 ) is capable of denoising F i g. 2. Labview-based code for feature extraction.
T a b l e 1. Feature sets for different movement intensities (low -high); dependence on the position on the biceps (S1 -S3) The RMS values were computed for each signal and all force data files, as this is the parameter that reflects more completely physiological correlates of the behavior of motor units during muscle contraction, and this has been termed as a "gold" standard for analyzing surface EMG signals. Since the wavelet function db4 shows the better performance for the results, it was considered the best for the EMG denoising process and further feature extractions. In order to make a reliable signal and muscle force determination, the knowledge on the effects of time-varying factors on the mean (MnF) and median (MdF) frequencies is very important. Two time-varying factors, muscular force and muscle geometry, are the major factors in the activities related to dynamic muscle contractions (muscle force and/ or geometry are changing). The average values of the MnF and MdF of the signal-force data from three different subjects with different forces of muscle contraction are displayed in Tables 3 and 4 These data are an aggregate of all of the contractions performed by all subjects during the experiment. Now, during a sustained constant-force contraction, the amplitude of the detected sEMG signal increases as a function of time. In fact, this phenomenon of myoelectric signal-force relationship approaches towards linearity with a considerable confidence for the biceps brachii, i.e., increasing level in terms of the MnF and MdF.
Linear Discrimination Analysis. A purpose of discriminant function analysis is understanding of the dataset resulting from the procedure; this can give insight into the relationship between the group membership and the variables used to predict such membership. This approach has been used to investigate independent variable mean differences between the groups formed by the dependent variable and also to determine the percent of variance in the dependent variable explained by the independents over and above the variance accounted for by control variables, using sequential discriminant analysis.
Discriminant function analysis is broken into a two-step process: (i) testing significance of a set of discriminant functions, and (ii) classification.
First, the Wilks' lambda is used to test if the discriminant model as a whole is significant or not. It is the ratio of within-group sums of squares to the total sums of squares. This is the proportion of the total variance in the discriminant scores not explained by the differences among groups. Second, T a b l e 2. Average RMSs of the Db family for different force levels (three subjects) if the F test shows the significance, the individual independent variable is assessed to see if it differs significantly from the group mean, and these are used to classify the dependent variable. The lambda varies from 0 to 1, with 0 meaning that the group means differ from each other, and 1 meaning that all group means are the same. The associated significance value indicates whether the difference is significant. In our case, the Wilks' lambda of 0.376 had a significant value (P = 0.012); thus, the group means appear to differ from each other. The associated χ 2 statistic (6.354) tests the hypothesis that the means of the functions listed are equal across groups. The relatively small significance value (P value) indicates that the discriminant function does better than chance at separating the groups. Since the value of P < 0.05, it can be concluded that the model is a good fit for the data significance. Now, as we are interested in the relationship between a group of the independent variables and one categorical variable, it would be beneficial to know how many dimensions we would need to express this relationship. Using such relationship, we can predict a classification based on the independent variables or assess how well the independent variables separate the classification categories. The larger the Eigen value (0.376 in our study), the more the variance in the dependent variable is explained by this function. The canonical correlation (0.790) is the measure of association between the discriminant function and the dependent variable. The square of the canonical correlation coefficient is the percentage of the variance explained in the dependent variable. Finally, the classification table (also called a prediction matrix or table) used to assess the performance of the model is shown in Table 5 . It helps to describe a simple summary of the number and percent of subjects classified correctly and incorrectly. Table 5 gives information about the actual group membership. So, it is concluded that the overall percentage of correct classification is 88.90%
Looking at the columns in Table 5 instead of the rows, one can also calculate the positive probability value:
(i) Positive probability value gives the confidence in the predicted results. A higher probability means that there is a high enough chance that a predicted model will actually be significant (85.71%).
(ii) The specificity is the percentage of correct classification predicted in the model (100.0%).
(iii) The sensitivity is the percentage of the model correctly predicted (66.70%).
Finally, the best average classification result calculated for the db4 wavelet family after applying linear discrimination analysis is 88.90%, whereas the worst classification result calculated for db5 is 77.80%.
Data Statistical Method. We were interested in refining the experiment to increase its sensitivity for detecting differences in the dependent variables. An effective step to achieve better performance for the classification of signals recorded at different voluntary contractions is extraction of a feature from the raw data before performing the analysis of multiple activities. The analysis of extracted features further helps to identify the significance of the sEMG-muscular force relationship existing between these phenomena in voluntary contractions.
To further extend the study of relational interpretations of selected operations of the arm, a statistic technique of analysis of variance of both experimental and reconstructed data was implemented for interpretation of the signal class separability in order to identify the best sEMG signal amplitude for different voluntary contractions optimum with respect to establish the best myoelectric signal-force relationship. So, to appreciate the classification of the arm motions for multiple samples, one-way analysis of variance with prior comparison has been implemented. The analysis of variance (ANOVA) with three independent groups related to the biceps and presenting the raw, detailed, and approximated wavelet coefficients is shown in Tables 6 and 7 . The basic procedure in this case is to derive two different estimates of the variance from the data; then, the ratio of these two estimates is calculated. One of these estimates (SSB) is a measure of the effect of the independent variable combined with the error variance, while another estimate (SSW) characterizes the error variance itself. Then, a significant F ratio among two estimates is calculated. The significant F ratio indicates that the population means are, probably, not all equal to each other. Since the estimate of data for the sum of squares between the groups (SSB, 0.2736, 0.2688) is large compared to the data for within the group (SSW, 0.01, 0.0046). It is concluded that the test statistic is significant at this level. The mean square error of sEMG signals helps to evaluate the quality of the robustness function. The performance of algorithms is the best when the mean square error has the smallest value. Here, the mean square error (MSE) values within the group are 0.0060 and 0.0007 for the biceps and triceps muscles, respectively, which means that the sEMG signal contains useful information, and undesirable parts of the signals are removed.
The F ratio [18] is the statistic used to test the hypothesis that the effects are real; in other words, that the means significantly differ from each other. There is a significant difference in the amplitude gain across different motions, F (2, 6) = 82.086, P < 0.05, F (2, 6) = 175.3 with the raw data for the biceps and triceps muscles for three independent voluntary contractions, respectively. From the Tables, we can see that the F ratio is greater than the critical value (fc) in all cases; so the means are significantly different, and it is concluded that there is a more significant difference between the groups (SSB) than that within the groups (SSW). For both samplings of the experimental data, analysis of variance revealed the continuous significant differences over time, which means that this technique is useful for revealing differences in the shape and magnitude of sEMG signals for independent motions. Thus, analysis of the variance found statistical differences between electrode positions (P < 0.05), between surface electrode conditions, and for interaction between all groups.
DISCUSSION
Wavelet denoising was applied to ensure the effectiveness of sEMG signals at various static voluntary contractions of the elbow-controlling muscles, since it provides better time and frequency T a b l e 6. Analysis of the variance results for biceps voluntary contractions (raw) Further analysis of variance (ANOVA) as a novel approach for revealing differences in the shape and magnitude of EMG signals for multiple motions is implemented. The P values for biceps and triceps F (2, 6) is 0.0001 that is much smaller than 0.05. So, the null hypotheses of equal means is rejected, and, finally, the test statistic is significant. The assessment of the muscle force relation with sEMG signals can be applied to a wide class of daily used applications. Although the behavior of MnF and MdF is similar, the value of the time domain mean frequency is slightly greater than the time domain median frequency because of the skewed shape of the sEMG power spectrum. In addition, both mean and median features can be considered universal indices to identify all factors, including muscle geometry, muscular force, and voluntary contraction. To summarize:
(i) The surface myoelectric signal-force relationship is primarily determined by different muscle geometries including electrode configuration, fibre diameter, subcutaneous tissue thickness, etc.;
(ii) The electrode locations (interelectrode distance of about 1 cm) over the muscle were changed during the experiment; (iii) The mean (MnF) and median (MdF) frequency parameters are linear for the biceps and triceps brachii muscles, with the amplitude of the myoelectric signal increasing linearly with the force exhibited;
(iv) The one-way analysis of variance (ANOVA) approach for comparing the ability of variations in sEMG signals for maximum class separability has been identified; (v) The classification accuracy of 88.90% has been achieved for upper limb class separability movements.
